Psychopathy is characterized by a set of affective, interpersonal, lifestyle, and socially deviant features, including egocentricity, deceptiveness, callousness, impulsivity, irresponsibility, lack of empathy or remorse, shallow emotions, poor behavioral controls, early behavior problems, and a proneness to antisocial behaviors (Cleckley, 1976; Hare, 1991) . The most widely used measure of psychopathy is the Psychopathy Checklist-Revised (PCL-R; Hare, 1991 Hare, , 2003 , a 20-item instrument scored on the basis of interview and file information. Each item is scored as 0 (not present), 1 ( possibly present), or 2 (definitely present), resulting in total PCL-R scores that range from 0 to 40. A cut score of 30 is commonly used to distinguish individuals with psychopathy from those without psychopathy for research purposes (Hare, 1991 (Hare, , 2003 . The PCL-R has demonstrated good internal consistency, test-retest, and interrater reliability across diverse populations (see, e.g., Alterman, Cacciola, & Rutherford, 1993; Hare et al., 1990; Vitale, Smith, Brinkley, & Newman, 2002) . Moreover, the validity of the PCL-R is well established, in both basic and applied settings. In prison populations, PCL-R scores have been shown to predict violent behavior and recidivism, revocation of parole, and poor participation in and response to therapeutic interventions (see, e.g., Hare & McPherson, 1984; Hart, 1998; Hemphill, Templeman, Wong, & Hare, 1998; Salekin, Rogers, & Sewell, 1996) , among other outcomes. In laboratory studies, PCL-R scores have also correlated with various language (Brinkley, Bernstein, & Newman, 1999; Hare, Williamson, & Harpur, 1988) , emotional (Day & Wong, 1996; Lorenz & Newman, 2002; Williamson, Harpur, & Hare, 1991) , and physiological (e.g., Arnett, Smith, & Newman, 1997; Ogloff & Wong, 1990; Patrick, Bradley, & Lang, 1993) deficits associated with psychopathy.
In the mental health and criminal justice systems, an assessment of psychopathy may have serious implications for individuals and society. For example, a PCL-R score often is used as an indicator of treatment amenability as well as a risk factor for recidivism and violence and may contribute to parole board decisions about early release from custody. It is therefore not surprising that the PCL-R has become the focus of intense psychometric scrutiny, especially regarding its generalizability across diverse populations. Most generalizability studies have focused on the structural equivalence of the instrument, as can be assessed with multigroup exploratory or confirmatory factor analyses (e.g., Brandt, Kennedy, Patrick, & Curtin, 1997; Cooke, 1995; Cooke, Kosson, & Michie, 2001; Hare et al., 1990; Kosson, Smith, & Newman, 1990; Parker, Sitarenios, & Hare, 2003; Salekin, Rogers, & Sewell, 1997; Windle & Dumenci, 1999 ). There remains, however, a pressing need to verify the generalizability of the PCL-R score metric Cooke & Michie, 1999) . Scalar equivalence is said to hold when test scores represent the same levels of the construct across diverse populations (Van de Vijver & Leung, 1997) . Factor structure equivalence does not imply scalar equivalence, as item mean scores are typically ignored in factor analysis. However, the issue of scalar equivalence should always be of great concern with psychological instruments, including the PCL-R. Hare (1991 Hare ( , 1998 has noted that scoring of some PCL-R items is likely to be influenced by societal or cultural factors. When the effects of such factors are accumulated across items, the meaning and implications of PCL-R total scores can become distorted. Cooke and Michie (1999) , for example, reported that the lack of scalar equivalence across Scottish and North American criminal offenders was substantial enough to suggest that a cut score of 25 with Scottish offenders was equivalent to a cut score of 30 with North American offenders.
Item response theory (IRT) provides an appealing framework for studying scalar equivalence (Embretson & Reise, 2000) . The attractiveness of IRT follows from its invariance properties. By modeling the trait-item score relationship, IRT can characterize differences in item and test functioning in a way that is not affected by differences in the trait distributions across the groups being compared (Embretson & Reise, 2000) . When the trait-item score relationship is found to be different across populations, an item is said to exhibit differential item functioning (DIF). Essential to any DIF analysis is the identification of items that can be assumed to perform equivalently across populations. These items contribute to defining the metric of a latent trait (e.g., psychopathy) against which the remaining items can be studied for DIF. Once these items are identified, an IRT-based DIF study of the PCL-R makes it possible to investigate whether individual psychopathy characteristics become manifest at different levels of psychopathy across populations. Items that display DIF not only are of questionable validity but also have the potential to contribute to bias in the total scores. By studying the cumulative effects of DIF across items, we can ascertain whether the same total PCL-R score may represent different latent levels of psychopathy across groups, implying a lack of scalar equivalence.
It is important to note that differentially functioning items need not imply a lack of scalar equivalence. For example, compared Caucasian and African American criminal offenders and identified five PCL-R items that performed differentially across race (Items 3, 9, 13, 14, and 15; see Table 1 for a list of the PCL-R items). However, because the DIF observed across items occurred in opposing directions (some items resulted in higher scores for each group), it cancelled at the test score levelthat is, the same total PCL-R scores were still expected at each level of psychopathy for Caucasian and African American criminal offenders. For this reason, Cooke et al. suggested the overall effect of DIF on total PCL-R scores was negligible.
A frequent limitation when one is performing DIF analyses with the PCL-R is its large demands in terms of sample size. In this article, we report on an IRT analysis with larger samples than any previously reported IRT analyses of the PCL-R. The large samples permitted assessment of differences across groups that have typically been too small to study with adequate power. Because DIF in the PCL-R based on race has been previously investigated by , we focus on other characteristics in this analysis.
Gender
Both gender differences and similarities have been observed in psychopathy research. On the basis of PCL-R scores, female offenders appear to display lower base rates of psychopathy than do male offenders. For example, Rutherford, Cacciola, Alterman, and McKay (1996) failed to find any women in their study with PCL-R scores above 30. A review of research studies of psychopathy in female populations conducted by Vitale et al. (2002) generally found base rates of psychopathy ranging from 9% to 23% for women and from 15% to 30% for men. In the second edition of the PCL-R manual (Hare, 2003) , approximately 15% of male offenders and 7.5% of female offenders had a PCL-R score above 30. Gender differences have also been observed in several external correlates of the PCL-R scores, including anxiety, negative affectivity, and intelligence (Vitale et al., 2002) . Conversely, the factor structure of the PCL-R appears to be much the same for female and male offenders (Hare, 2003; Parker et al., 2003; Warren et al., 2003) . Furthermore, there are similarities between female and male offenders in some criminal correlates (Loucks & Zamble, 2000; Richards, Casey, & Lucente, 2003; Vitale et al., 2002) , associations with other personality disorders (Rutherford et al., 1996; Salekin et al., 1997; Warren et al., 2003) , and response to treatment (Richards et al., 2003) . In this analysis, we attempted to clarify whether observed gender differences might be due to gender-related bias in some PCL-R items.
Forensic Psychiatric Versus Criminal Offenders
The PCL-R is currently used extensively in forensic psychiatric facilities as well as prisons. Approximately 10% of male forensic psychiatric offenders described by Hare (2003) have a PCL-R score of 30 or higher. Previous analyses of the instrument across settings have supported a generalizable factor structure (Hare, 2003; Hare et al., 1990; Parker et al., 2003) . However, it has been argued that individual PCL-R characteristics will be observed in differing degrees across settings. For example, several of the hallmark features of psychopathy are also defining characteristics of other disorders. Hart & Hare (1989) noted that "psychopaths and psychotics exhibit some of the same symptoms and behaviors, including impulsivity, shallow affect, seemingly illogical antisocial behavior, and chronic disturbances in interpersonal functioning" (p. 211). At the same time, other PCL-R items (e.g., Item 19, "Revocation of conditional release"; Item 20, "Criminal versatility") are linked to the violation of court-imposed rules and a wide range of criminal activities and thus may be disproportionately prevalent among criminal offenders. Taken together, it seems likely that there will be some DIF when criminal offenders and forensic psychiatric patients are compared, although its implications for scalar equivalence and the potential need for different diagnostic cut scores are less clear.
File-Only Versus Standard Administration
It is not always possible to conduct the interview portion of a standard PCL-R administration. Consequently, the PCL-R is sometimes scored using only file reviews (Hare, 2003; Harris, Rice, & Cormier, 1991) . Although PCL-R scores from file reviews generally correlate highly with scores based on both file reviews and interviews, the file-only scores are often lower than those obtained with the standard procedure (Grann, Langstrom, Tengstrom, & Stalenheim, 1998; Hare, 2003; Wong, 1988) . For example, only approximately 6% of file reviews described by Hare (2003) have a PCL-R score of 30 or higher. These findings may be due to the lack of information needed to confidently score certain PCL-R characteristics. Wong (1988) and Hare (2003) have suggested that the interpersonal and affective items, which rely largely on the integration of interviewer impressions and collateral information, may be particularly difficult to evaluate without the interview. In this study, we sought to identify items that show DIF when scored without an interview and also to determine whether these differences support establishment of alternative cut scores when the PCL-R is scored from files.
Method

Description of Data
PCL-R item ratings for a total of 8,938 offenders were analyzed. The complete data set, reported in the second edition of the PCL-R manual (Hare, 2003) , consists of 14 samples, including 7 from the original 1991 sample (Hare, 1991) that were previously used by Cooke and Michie (1997) in an IRT analysis of the PCL-R. For the current analysis, the pool of offenders was separated into four new samples: (a) male criminal offenders (N ϭ 3,847), (b) female criminal offenders (N ϭ 1,219), (c) male forensic psychiatric patients (N ϭ 1,246), and (d) male criminal offenders for whom the PCL-R was scored only from file data (N ϭ 2,626). For all respondents, the PCL-R assessments were performed by trained raters and, with the exception of the last sample, were based on both interviews and file reviews. Table 1 lists the PCL-R items and item statistics for each sample. Also reported is a categorization of the items based on recent large-sample, multigroup analyses that yielded a two-factor, four-facet hierarchical model of the PCL-R (Hare, 2003; Parker et al., 2003) . The model is based on 18 of the 20 PCL-R items categorized according to four psychopathy facets, labeled as follows: Facet 1, Interpersonal (Items 1, 2, 4, and 5); Facet 2, Affective (Items 6, 7, 8, and 16); Facet 3, Lifestyle (Items 3, 9, 13, 14, and 15); and Facet 4, Antisocial (Items 10, 12, 18, 19, and 20) . The four facets load onto two higher order factors: Factor 1, Interpersonal/Affective and Factor 2, Lifestyle/Antisocial. Factors 1 and 2 are identical to the original PCL-R factors (Hare, 1991; Hare et al., 1990) , except that Item 20 ("Criminal versatility") now loads on Factor 2. Facets 1, 2, and 3 are identical to, respectively, Factors 1, 2, and 3 identified by in their factor analysis of a selected set of 13 PCL-R items. Facet 4 includes 5 items that were excluded by but that clearly form a fourth factor, or facet.
When one is conducting traditional IRT analyses, unidimensionality is assumed, implying that only one latent dimension underlies the data. Despite some debate over the appropriate factor structure for the PCL-R, all extant models describe highly intercorrelated factors, implying the strong influence of a single underlying general factor (i.e., psychopathy). Nevertheless, we expected that some multidimensionality would be present in the current data sets. We used several criteria to examine the amount of multidimensionality in the data from each group, including (a) the eigenvalues of the reduced polychoric correlation matrix, (b) the fit of a single-factor model to the polychoric correlation matrix, and (c) the general factor saturation (GFS) estimate (Zinbarg, Barlow, & Brown, 1997) . The eigenvalues of the reduced polychoric correlation matrix were 4.807, 0.855, 0.312, and 0.193 for male criminal offenders; 4.508, 1.308, 0.397, and 0.225 for female criminal offenders; 4.429, 1.194, 0.926, and 0.336 for forensic psychiatric patients; and 6.123, 1.588, 0.546, and 0.505 for file reviews. The ratio of the first-to-second eigenvalues, a common criterion for assessment of unidimensionality, ranged from 5.6:1 for male criminal offenders to 3.4:1 for female criminal offenders. These ratios are similar to those observed in previous studies (e.g., Cooke & Michie, 1997) and although supportive of a strong first dimension, are clearly indicative of some multidimensionality in the data.
However, despite this multidimensionality, a single-factor model still fit the four polychoric correlation matrices quite well. In each group, a single-factor model was fit using the weighted least squares estimation procedure in LISREL 8 (Jöreskog & Sörbom, 1996) , and goodness of fit was assessed with the minimum-fit-function chi-square test, comparative fit index (CFI; Bentler, 1990 ), Tucker-Lewis index (TLI; Tucker & Lewis, 1973) , and root-mean-square error of approximation index (RMSEA; Steiger, 1990 Finally, the GFS estimate was used to quantify the influence of the single underlying factor. The GFS represents the proportion of total score variance that can be attributed to the factor. To estimate the GFS, the twofactor, four-facet hierarchical model was fit, but now with an additional third-order factor added to account for the intercorrelation between the two second-order factors. Note that relative to the previous factor analysis, the current model was fit to the interitem covariance matrix, because the item variances are needed to quantify the total test variance, and the polychoric matrix removes information about the variances of the items. Results suggest that the model provided a reasonable fit within the four samples: male criminal offenders, 2 (132, N ϭ 3,847) ϭ 2,225.0, p Ͻ .01, CFI ϭ .87, TLI ϭ .84, RMSEA ϭ .066; female criminal offenders, 2 (132, N ϭ 1,219) ϭ 853.4, p Ͻ .01, CFI ϭ .85, TLI ϭ .83, RMSEA ϭ. 070; forensic psychiatric patients, 2 (132, N ϭ 1,246) ϭ 1,207.8, p Ͻ .01, CFI ϭ .79, TLI ϭ .76, RMSEA ϭ .085; and file reviews, 2 (132, N ϭ 2,626) ϭ 2,577.0, p Ͻ .01, CFI ϭ .84, TLI ϭ .83, RMSEA ϭ .089. have suggested that GFS estimates above .50 indicate sufficient unidimensionality for IRT. For the current data, the GFS estimates ranged from .56 (for female offenders, standard administration) to .71 (for male offenders, standard administration) across the four samples. When the two-factor, four-facet model was modified to allow the two excluded items (Item 11, "Promiscuous sexual behavior"; Item 17, "Many short-term marital relationships") to load directly on the general factor, the GFS estimates for each sample stayed approximately the same. Consequently, all 20 PCL-R items were deemed to measure sufficiently a single underlying factor such that IRT modeling would be informative for each sample.
It should be noted that despite the statistical confirmation of some multidimensionality in each group, there are several compelling reasons in the current study for use of a unidimensional IRT model to study DIF. First, unidimensionality in its strictest sense is usually not necessary to realize the benefits of IRT (Smith & Reise, 1998) , provided a dominant first dimension is present, as appears to be the case for the current data sets. Second, relative to other IRT applications, the implications of multidimensionality on DIF analyses are better understood (e.g., Drasgow, 1987) . Specifically, multidimensionality has the potential to produce DIF when a unidimensional IRT model is applied; that is, an item that actually performs the same across groups may appear to perform differentially if the groups have different distributions on the secondary factor. In this respect, being aware of the secondary dimensions need not hinder the DIF analysis but can contribute to providing an interpretation of DIF when it occurs. Finally and most important, because most practical use of the PCL-R involves a single total score, it was considered more informative to study item performance against a single latent trait rather than against multiple traits.
IRT and the Graded Response Model
IRT is a statistical framework for modeling items scored using discrete categories. In IRT, item scores are modeled as a function of a unidimensional latent trait, denoted (e.g., level of psychopathy), that is assumed to underlie scores on the items. Cooke and Michie (1997, 1999) found the graded response model (GRM; Samejima, 1969) to be suitable for the PCL-R. For items scored in three categories, the GRM characterizes each item according to three parameters: b 1 and b 2 are item threshold parameters, and a is an item discrimination parameter. The b 1 and b 2 parameters relate to the levels needed before scores of 1 and 2 tend to be observed on the item. The a parameter indicates the degree to which the item score is influenced by the latent trait. Items with large positive as (e.g., Ͼ 1.0) discriminate well with respect to . Figure 1A illustrates cumulative score probability curves for three PCL-R items on the basis of their GRM estimates for male criminal offenders: Item 1 "Glibness/superficial charm" (â ϭ 1.19, b 1 ϭ -0.65, b 2 ϭ 1.46); Item 3, "Need for stimulation/proneness to boredom" (â ϭ 1.30, b 1 ϭ -1.43, b 2 ϭ 0.24); and Item 17, "Many short-term marital relationships" (â ϭ 0.65, b 1 ϭ 0.05, b 2 ϭ 1.76). The corresponding option characteristic curves, indicating the probability of scoring in each category, are shown in Figure 1B . The meaning of GRM estimates is perhaps best conveyed through a comparison of these curves across items. For example, Item 3, having lower b 1 and b 2 estimates, achieves higher scores at lower levels of the trait. Item 3 thus represents a PCL-R characteristic that is more commonly observed among individuals with low psychopathy levels than does Items 1 or 17. Item 17 has a lower a parameter than Items 1 and 3, implying its probability curves will be less concentrated along the scale. Practically speaking, Item 17 would be a less useful indicator of psychopathy than would Item 1 or 3.
GRM items can also be illustrated according to their expected response functions (ERFs). An ERF represents the expected item score as a function of and is computed as the sum of the item score categories weighted by their probabilities. The ERFs for Items 1, 3, and 17 are shown in Figure 1C . As in Figures 1A and 1B , the ERFs also make apparent that Item 3 represents a psychopathy characteristic more commonly observed at low psychopathy levels, and that Item 17 is a less discriminating PCL-R characteristic. Generally, ERFs are easier to inspect than the option characteristic curves, as there exists only one curve per item.
Comparison of ERFs across populations also provides a useful way of interpreting DIF. When one is fitting an IRT model, DIF is technically said to exist when an item has different parameter values (e.g., different as, b 1 s, or b 2 s) across groups. However, when DIF exists, the ERFs will also necessarily differ (Chang & Mazzeo, 1994) . ERFs provide an attractive way of evaluating the implications of DIF as it is often only the expected scores that are of interest. Moreover, as noted below, it is typically the ERFs that provide the basis for quantifying the amount of DIF in an item.
Assessing GRM Fit
Due in part to its statistical properties (Samejima, 1997) , the GRM is one of the most suitable of polytomous item response models for modeling item scores based on ordered score ratings. To evaluate the appropriateness of the GRM for the data considered in this study, we randomly selected two nonoverlapping samples of 3,000 respondents from the complete data set of 8,938 respondents, and we inspected several goodness-of-fit indices. The first sample of 3,000 was used to obtain GRM item parameter estimates; the second sample was used as a cross-validation sample to evaluate the fit of the GRM. Three types of chi-square indices (Drasgow, Levine, Tsien, Williams, & Mead, 1995) were inspected with the program MODFIT (Stark, 2001) . These indices evaluate the fit of the GRM with respect to the first-order, second-order, and third-order joint frequencies of the item scores, respectively (for details, see Drasgow et al., 1995) . Essentially the first-order indices evaluate whether the model-implied score probabilities given the trait are consistent with the empirical probabilities observed for individual items; the second-and third-order tests are also sensitive to local dependence among scores across item pairs and item triples. Drasgow et al. (1995) suggested that model fit is good provided the adjusted chi-square divided by degrees of freedom is 3 or less. In the current analysis, the average adjusted chi-square index for the individual items was 1.731, with 16 of the 20 items being in the range of good fit (Ͻ3). All items except Item 18 "Juvenile delinquency" had chi-square values below 5. (The larger misfit of Item 18, adjusted 2 /df ϭ 9.10, can likely be attributed to its large DIF for female offenders, as demonstrated later.) Thus, these results appear to support use of the GRM in the current application. For the item doubles and triples, the average adjusted chi-square indices were 3.721 and 3.639, respectively, with only approximately half of the pairs-triples being in the range of good fit. Consistent with the previous factor analyses, these results possibly point to the presence of some local dependence among item pairs and triples. The likely explanation for local dependence is the known multidimensionality in the data. However, as noted in the factor analysis of these data, the local dependence does not appear to be so large as to contradict the presence of a single pervasive underlying factor. Thus, for the reasons considered earlier, we still consider a unidimensional GRM useful in studying group differences.
DIF Using the Likelihood Ratio Test
Assuming data have been collected from more than one group, the likelihood ratio (LR) test (Thissen, Steinberg, & Gerrard, 1986 ) statistically tests for DIF by comparing the statistical fit of two models: one in which the parameters of the item being studied for DIF are set equal across groups (a compact model) and one in which the parameters are free to vary (an augmented model). A separate log-likelihood statistic can be computed for each model. When the models are compared, the difference between -2 times the log-likelihood for each model follows a chi-square distribution under a null hypothesis of no DIF in the studied item.
In the current study, a separate DIF analysis was conducted for each of the three comparison samples, always with male criminal offenders as a reference group. For each DIF analysis, an iterative purification procedure (Lord, 1980, p. 220) was first used to identify anchor items (see also Cooke & Michie, 1999) . Anchor items are items that fail to display DIF and thus have their item parameters constrained to equality across groups so as to define a common latent metric against which the remaining items can be evaluated for DIF. The iterative purification process starts by testing each item for DIF while using all of the remaining items as anchors. On the basis of the results of this analysis, a core collection of items that display no DIF is chosen as the initial anchor. The remaining items are then tested for DIF against this anchor; items are iteratively added to or subtracted from the anchor on the basis of whether they display DIF. The process terminates when all items on the anchor fail to display DIF and no additional items can be added without introducing DIF. In the current study, DIF testing was performed with respect to all three GRM item parameters (a, b 1 , b 2 ) resulting in chi-square tests having three degrees of freedom. We used the computer program, IRTLRDIF (Thissen, 2001) , both to apply the iterative purification procedure to identify anchor items and to conduct subsequent LR tests for the nonanchor items. In this program, the metric indeterminacy of the latent trait is resolved by setting the mean and variance of the latent trait to 0 and 1, respectively, for the reference group. Cohen, Kim and Baker (1993) and Wainer (1993) discussed indices based on either the signed or the unsigned vertical distances between ERFs as a means of quantifying DIF. Because the metric is continuous, in the current analysis these indices were estimated through a discrete approximation in which the vertical difference between ERFs was computed at nodes separated at 0.1 intervals from -3.0 to 3.0. The difference between ERFs across nodes is then averaged using the distribution of the latent trait at each node in the comparison sample as a weight. For the average unsigned ERF difference (AUD), the absolute value of the difference is used, whereas for the average signed ERF difference (ASD), the signed difference is used. The ASD differs from the AUD in that it is affected by changes in the direction of DIF across levels of the latent trait. In other words, the magnitude of the ASD can be less than the AUD provided the differences between ERFs cancel across trait levels. When this occurs, the DIF is referred to as nonuniform DIF (see, e.g., Van de Vijver & Leung, 1997) . Figure 2 provides an illustration of the ERFs for male offenders and female offenders with respect to Item 9 ("Parasitic lifestyle") and Item 10 ("Poor behavioral controls"). Item 9 results in higher expected scores for female offenders than male offenders at low levels of the latent trait but produces lower expected scores for female offenders at high levels of the latent trait. This item displays nonuniform DIF and will produce an AUD index that is of greater magnitude than the ASD index. By contrast, Item 10 results in higher expected scores for male offenders across nearly all levels of the latent trait, implying primarily uniform DIF and an ASD index that will be of approximately the same magnitude as the AUD index.
Quantification of DIF
In interpreting the magnitude of the AUD and ASD indices, we adopted criteria based on previous recommendations (Roussos & Stout, 1995) . For three category items, an AUD or ASD with magnitude greater than .20 corresponds to a large amount of DIF, .10 -.20 a moderate amount of DIF, and less than .10 a small amount of DIF. Both the statistical significance of DIF and its magnitude contributed to determining which items should function as anchors in the previously described purification process. Items were assigned to the anchor if they either (a) contained a statistically insignificant amount of DIF or (b) had an AUD less than .05, implying a very small amount of DIF.
A Multigroup GRM
A limitation of performing separate DIF analyses for the three comparison samples is that the resulting GRM parameter estimates are not on a common metric. Therefore, to better evaluate the implications of DIF, we fit a multigroup GRM in which the item parameters of all four samples were estimated simultaneously. A multigroup GRM allows for separate GRM estimates for each sample but through anchor items connects the estimates of all four samples to a common latent metric. In this analysis, we used the items found to function as anchors in the DIF analyses as anchors in the multigroup IRT model, and thus constrained their parameters to be equal to the corresponding parameters in the reference sample (male criminal offenders). Parameters for all DIF items were left unconstrained. The program MULTILOG (Thissen, 1991) was used to fit the resulting model. In MULTILOG, a mean of the latent trait (i.e., a mean latent psychopathy level) is also estimated for each sample. The standard deviation of the latent trait for each group is set to 1.0. All parameter estimates are reported with respect to the logistic metric of the GRM.
There are several ways in which the multigroup model estimates can be used to compare groups. First, and most important, is that the expected total PCL-R scores at each trait level can be compared. In IRT, the relationship between the latent trait and expected total score is illustrated by a test characteristic curve and is computed as the simple sum of the ERFs at each trait level. Differential test functioning exists when the test characteristic curves differ across groups. Finding differential test functioning implies a lack of scalar equivalence.
Second, the distributions of the latent trait across groups can be compared (Meredith, 1993) . When substantial differential test functioning exists, the groups cannot be compared with respect to test score distributions because test scores fail to indicate equivalent levels of the trait. However, the groups can be compared with respect to the latent metric because this is defined by items that function equivalently. To test for differences in the latent mean estimates, an LR test can be applied in the same way as when used to test an item for DIF.
Finally, the measurement precision provided by PCL-R items can be compared across groups. DIF may contribute not only to differential test functioning, but also to variability in the degree of accuracy with which the latent trait is measured for each group. In IRT, measurement precision is quantified through information functions (see, e.g., Cooke & Michie, 1997 ). An item information function indicates the accuracy with which the latent trait can be estimated from the item score and typically varies across trait levels (Embretson, 1996) . Computationally, it is the square of the reciprocal of the standard error of the trait estimate based on the item score (see Baker, 1992, p. 246 , for the information function formula for the GRM). The sum of item information functions produces a test information function, which indicates the overall amount of precision collectively provided by all item scores. By comparing information functions across groups, we thus gain insight into another potential consequence of DIF. Table 2 reports results from the DIF analysis conducted for each comparison sample. For each item found to display significant DIF, the LR chi-square statistic, the ASD index, and the AUD index are reported. Items for which no indices are reported served as anchor items. For the ASD, a positive value indicates a higher expected item score (conditional on trait level) for the comparison group, whereas a negative value indicates a higher expected score for the reference group (male criminal offenders, standard administration). For example, Item 18 ("Juvenile delinquency") has an ASD of -.510 for female offenders, implying that for male and female offenders having the same latent levels of psychopathy, female offenders receive, on average, ratings .510 lower than male offenders. It is interesting to note that the absolute magnitudes of Note. All chi-square tests had 3 degrees of freedom. LR ϭ likelihood ratio; ERF ϭ expected response function; Female ϭ female criminal offenders (N ϭ 1,219); Psych ϭ male forensic psychiatric patients (N ϭ 1,246); File ϭ male criminal offenders scored only from file review (N ϭ 2,626).
Results
DIF
the ASD and AUD indices are very similar across all DIF items. This suggests that when DIF occurs, it generally occurs uniformly (i.e., in the same direction across all levels of the unidimensional trait). Thus, the current interpretation of DIF results will focus primarily on the ASD index. Not surprisingly, there is considerable variability in the direction and magnitude of DIF for individual items across comparison samples. For female offenders, large differences from the reference group are observed for Items 5 ("Conning/manipulative"), 12 ("Early behavior problems"), 18 ("Juvenile delinquency"), and 20 ("Criminal versatility"), with female offenders achieving higher scores on Item 5 and lower scores on Items 12, 18, and 20.
For forensic psychiatric patients, large amounts of DIF were observed for Items 7 ("Shallow affect"), 10 ("Poor behavioral controls"), 12 ("Early behavior problems"), 14 ("Impulsivity"), and 17 ("Many short-term marital relationships"), with the patients achieving higher scores than the reference group for Items 7, 10, 12, and 14 but lower scores for Item 17. Items 1, 2, and 19 also produced substantial amounts of DIF, all resulting in lower scores for forensic psychiatric patients. The findings for Items 7, 10, and 14, in particular, appear to be consistent with Hart and Hare's (1989) prediction that such characteristics are likely to be present in forensic psychiatric patients because of similar symptomology. As anticipated, some cancellation of DIF appears to occur through items such as Item 19, which is more closely tied to criminal offenses.
Of all three comparison samples, the largest number of DIF items was observed for the file reviews. Items 5 ("Conning/ manipulative"), 8 ("Callous/lack of empathy") and 14 ("Impulsivity") produced large DIF with higher scores for file reviews, whereas Items 17 ("Many short-term marital relationships") and 19 ("Revocation of conditional release") displayed the largest amounts of DIF in the reverse direction. Relative to the findings for female offenders and forensic psychiatric patients, the causes of DIF for file reviews were generally more difficult to interpret. In part this may be due to the possibility that the file review sample differed from the reference group in ways other than the method of scoring (note that there was not random assignment to the PCL-R scoring conditions).
Some general observations can be made with respect to the types of items that tended to display DIF, based on the two-factor, four-facet model of the PCL-R. For example, among female offenders, Factor 1 items (according to the two-factor model) generally displayed smaller amounts of DIF than the non-Factor 1 items. Facet 4 (Antisocial) items, in particular, consistently produced lower scores for female offenders. These general findings are consistent with those of , who failed to find DIF in any of the Factor 1 items in a DIF study examining race differences. Recalling that DIF is itself a validity criterion, finding less DIF in Factor 1 items appears to support the frequent claim that Factor 1 items may lie closer to the core of the psychopathy disorder (Hare, 2003) , as they appear to be less affected by other characteristics associated with gender or race.
For file reviews, Factor 1 items were more prone to display DIF. All eight of the Facet 1 (Interpersonal) and Facet 2 (Affective) items were found to display statistically detectable DIF. Such findings are consistent with Wong's (1988) and Hare's (2003) suggestion that scoring these items would be more difficult to rate without an interview. It is interesting, however, that these items did not display DIF in a consistent direction. Items 1, 2, 4, and 7 resulted in lower scores for file reviews, whereas Items 5, 6, 8, and 16 resulted in higher scores for file reviews. Thus it appears that the absence of information needed to score these items resulted in some that were overestimated, whereas others were underestimated. It is interesting that the direction of DIF is also associated with the mean score of the items in the reference population observed in Table 1 . Specifically, Items 5, 6, 8, and 16 are the Factor 1 items with the highest means among male criminal offenders, standard administration, while Items 1, 2, 4, and 7 have the lower means. Thus, one explanation for this finding may be that in the absence of information needed to score Factor 1 items, raters rely more heavily on the known marginal base rates of the characteristics in rating Factor 1 items for the file reviews. Table 3 reports estimates from the multigroup GRM. Estimates in bold represent items for which parameters were left unconstrained in the multigroup model (due to their display of DIF), and items not in bold represent anchor items. For standard administration of the PCL-R with male criminal offenders, the GRM estimates were largely consistent with those observed in previous IRT analyses of the PCL-R (Cooke & Michie, 1997 . Factor 1 items (Facets 1 and 2) tended to have slightly higher discrimination estimates and often higher threshold estimates than Factor 2 (Facets 3 and 4) items. Both item features contribute to making Factor 1 items more useful than Factor 2 items in identifying the prototypical individual with psychopathy, a finding that also applies to the three comparison groups despite the presence of DIF in some items.
Multigroup GRM Analysis
The item parameter estimates for the multigroup model corresponded quite closely to the results observed from the DIF analyses. For example, Item 18, observed in the DIF analysis to produce lower scores for female compared with male offenders, also had higher threshold estimates for female compared with male offenders. It is more interesting that the majority of items found to display DIF produced lower discrimination estimates in the comparison sample. For example, among female offenders, all of the DIF items resulted in lower discrimination estimates. The discrimination estimates for file reviews were not consistently lower; however, two affective items, Item 7 ("Shallow affect") and Item 8 ("Callous/lack of empathy"), showed a substantial decline in discrimination, perhaps reflecting greater difficulty in evaluating these items relative to other Factor 1 items when only file review was used. Figure 3 illustrates the test characteristic curves for each of the three comparison groups against the test characteristic curve for the reference group (male criminal offenders, standard administration). To evaluate whether the difference between curves was significant, we used a chi-square test based on the differential functioning of items and tests (DFIT) procedure (Flowers, Oshima, & Raju, 1999) . The DFIT test statistic is computed as a weighted difference between curves in which the estimated trait distribution of the comparison group determines the weights. The DFIT tests suggested a significant difference between the test characteristic curves for female criminal offenders, 2 (1219, N ϭ 1,219) ϭ 1,557.3, p Ͻ .01, and file reviews, 2 (2625, N ϭ 2,626 ) ϭ 2,4289.5, p Ͻ .01, versus the reference group, but not for forensic psychiatric patients, 2 (1245, N ϭ 1,246) ϭ 1,246.1, p ϭ .45. When one is comparing test characteristic curves, it can be particularly important to focus on differences at ϭ 1.5, the approximate trait level at which a PCL-R score of 30 is observed. Although there were differences across groups here, the differences were generally small (Ͻ2 score points), and the amount of differential test functioning also remained small across other levels of the latent trait. Male criminal offenders receiving the standard administration had slightly higher expected scores at high levels of the trait and slightly lower expected scores at low levels of the latent trait, suggesting the PCL-R may be slightly more discriminating for this group than for the comparison groups.
Differential Test Functioning
Test characteristic curves can also be computed for the total scores on each facet. Figure 3 displays the facet characteristic curves, computed as the sum of ERFs across items within each facet type. For female offenders, the most substantial difference was observed for Facet 4 (Antisocial), in which female offenders received lower scores than male offenders. Recall that all five items from this facet displayed DIF such that female offenders received lower scores. The only other substantial difference occurred for Facet 2 (Affective), in which the file reviews achieved higher scores than the reference group, largely due to Items 6, 8, and 16, all of which produced DIF such that file reviews achieved higher scores. Table 4 reports the latent mean estimates and PCL-R score descriptive statistics for the four groups. The latent mean for male criminal offenders, standard administration, was arbitrarily fixed to 0. All three comparison groups were found to have statistically different latent means compared with this group. Female offenders had an estimate nearly a half standard deviation below that observed for the reference group. The estimate for the file reviews was nearly a full standard deviation lower. Because scalar equivalence appeared to be approximately satisfied for all groups, differences in the latent mean estimates led to basically the same conclusions as when the distributions of PCL-R scores were compared.
Latent Mean Comparisons
The latent mean estimate for the file reviews is perhaps most interesting. The much lower trait estimate suggests that the lower PCL-R scores observed for file reviews are not due to differential functioning of the PCL-R. Of course it is conceivable that the file reviews may have differed from the standard administration respondents in respects other than the method of scoring and did actually have a lower distribution of the trait. Another possibility is that a majority of the PCL-R items exhibit a consistent bias in which the file reviews consistently received lower scores. For instance, it is possible that the anchor items from the file review analysis in reality act in concert to produce lower scores for file reviews. This would imply that the anchor was not functioning effectively in defining a common latent metric for the standard administration and file review offenders. More is said on this issue in the Discussion section. 
Comparing Information Functions
On the basis of the GRM estimates in Table 3, Table 5 displays the item information functions for male criminal offenders, standard administration, across 13 levels of the latent trait. In Table 5 , both the within-item and the between-item variability in information across trait levels is apparent. Items such as 6 ("Lack of remorse or guilt") and 8 ("Callous/lack of empathy") provide several times greater information than Items such as 17 ("Many short-term marital relationships") and 19 ("Revocation of conditional release") and it is generally Factor 1 items that are most informative at the higher trait levels. Each group's total information function is illustrated in graphical form in the upper left panel of Figure 4 . The contributions of the separate facets are shown in the remaining four panels. Across all groups, the shape of the total information function appears quite consistent, with maximum information provided at or just below ϭ 0 (corresponding to psychopathy levels expected to produce PCL-R scores of approximately 20). Slightly more information (approximately 15% to 25% more) appears to be provided for the reference group compared with the comparison groups at this trait level. At higher levels of the latent trait, it is the file reviews that receive the least amount of information of all four groups. This difference appears to be largely due to Facet 2 (and to a lesser extent Facet 1) and is expected because the Affective/Interpersonal items, which function most effectively at high levels of the trait, are more difficult to evaluate based only on file review. For female offenders, it is the Facet 3 (Lifestyle) and Facet 4 (Antisocial) items that provide noticeably less information. Consistent with the observations from the DIF analysis, these items reflect behaviors that not only are likely to be less prevalent among female offenders but also are more poorly related to psychopathy, based on their lower discrimination estimates. For forensic psychiatric patients, slightly less information is observed on all facets except Facet 3, in which the amount of information is nearly coincident with that of the reference group.
Discussion
DIF studies have the potential to provide insight into the validity of individual items (Van de Vijver & Leung, 1997) and have begun to play an important role in assessing the generalizability of the PCL-R across diverse respondent populations. A common psychometric perspective on DIF attributes its occurrence to an item's measurement of nuisance factors unrelated to the trait intended to be measured. In this respect, an item's tendency to display DIF can (along with other psychometric criteria) serve as a criterion for item quality. Consistent with previous comparative DIF analyses of Caucasian and African American male offenders , the current DIF analysis for female offenders found that PCL-R items reflecting social deviance (i.e., Factor 2) were more prone to display DIF than the affective/interpersonal (i.e., Factor 1) items. Facet 4 (Antisocial) items appeared to be the primary contributors to differential test functioning, although both Facet 3 (Lifestyle) and Facet 4 items provided less information for female offenders.
Despite the presence of a substantial number of DIF items for all comparison groups, the effects in terms of differential test functioning were found to be quite low. Generally, the cancellation of DIF observed for these comparison groups had an intuitive explanation. For example, among forensic psychiatric patients it was found that some items resulted in higher scores due to a similar symptomology with psychopathy, whereas others appeared to produce lower scores due to their association with criminal offenses. On the basis of the test characteristic curves, male criminal offenders given the standard PCL-R administration did achieve slightly higher scores than each comparison group at the high end of the trait scale, especially near ϭ 1.5, the trait level typically associated with psychopathy diagnosis and also had higher information functions. Such findings are perhaps not surprising, given the greater attention devoted to male criminal offender populations in the original development and validation of the instrument. Naturally, those characteristics judged most salient among male criminal offender psychopaths, if anything, should function slightly less well in identifying psychopaths from alternative populations. Nevertheless, the fact that the PCL-R generally performs similarly in terms of both expected scores and information for the comparison groups is encouraging. The differences observed with respect to the test characteristic curves do not appear to require the use of different cut scores in identifying individuals with psychopathy. Likewise, the reduction in information for each comparison group is even lower at ϭ 1.5, with approximately a 10% decrease for female offenders and forensic psychiatric patients and approximately a 20% decrease for file reviews, relative to the reference group. Thus the PCL-R appears to remain an effective instrument for distinguishing individuals with psychopathy from those without psychopathy within each comparison group.
There are two reasons to be cautious in the use of IRT analyses as evidence of scalar equivalence, however. One reason is the exploratory approach used to find anchor items. The iterative purification approach used in the current study, similar to that used in previous studies, is not guaranteed to arrive at a final subset of items that truly perform the same across groups. Indeed, this entire process is guided by the assumption that, in fact, a substantial proportion of the items do function equivalently. Correct identification of these items is critical in that it provides the entire basis for the scaling of the latent trait metric, and thus final conclusions regarding differential test functioning. Alternative approaches to selecting anchor items have been considered. One possibility is to specify them a priori, assuming sufficient information exists to identify which items should be unbiased (see, e.g., Orlando & Marshall, 2002) . As several PCL-R studies have now found that Factor 1 items do generally function equivalently across race (and because Factor 1 items are sometimes said to lie closer to the core of psychopathy), it may be worthwhile to consider Factor 1 items as anchors for future analyses, especially comparisons across race and gender.
A second reason for caution is due to the method used to score the PCL-R. Although rater effects are undoubtedly present to some degree, they are ignored in traditional IRT analyses, which model only the respondent-item score interaction. Of course it might be possible to observe consistency in how the scale is used across groups (and under different scoring conditions) without the scale itself being a valid instrument for assessing psychopathy within each group. For example, it is conceivable that raters may develop a sophisticated understanding of the contingencies among items and apply those in largely the same way across groups, with less regard for whether those same contingencies should be applied in the same way for all comparison groups. In the current study, this possibility would be more likely in the file review analysis than in the analyses of the other groups. A naive interpretation of the results for file reviews would suggest that it is almost as good to score the PCL-R without the interview as with it. Unfortunately, the IRT analyses tell us only that the scale is being used in a largely consistent way when based on only file reviews, not that the ratings are valid. Clearly it is important to supplement the findings here with studies that also incorporate external validation criteria. In this regard, the empirical evidence consistently indicates that file reviews have much the same explanatory and predictive properties in the criminal justice system (recidivism, violence, response to treatment, etc.) as do standard PCL-R assessments (see Hare, 2003) . At the same time, however, the observation of a much lower latent mean estimate for file reviews suggests that the offenders scored with file review may have differed in other respects from those scored with the standard administration, thus making the comparison of these groups not one solely based on mode of scoring. It also raises the possibility of a more systematic bias in file review scores that is not effectively studied with the use of IRT. Thus, until we have additional data on the external correlates of PCL-R assessments in a variety of other contexts (e.g., laboratory settings), we are cautious in lending too strong an interpretation to the file review analysis and the near equivalence of the test characteristic curves under both forms of PCL-R scoring.
The sample sizes considered in the current analysis were much larger than those considered in previous IRT DIF analyses with the PCL-R. Ankenmann, Witt, and Dunbar (1999) demonstrated that with the GRM, the LR test is able to detect items with moderate amounts of DIF 65% of the time when the sample sizes for the reference and focal groups are 500. Previous DIF studies using the PCL--R have often relied on samples much smaller than this and thus may not have been able to detect differences with sufficient power. We plan to revisit the possibility of race differences in the PCL-R by using these larger samples.
In conclusion, some PCL-R items performed differently in female offenders, male forensic psychiatric patients, and male offenders assessed from file reviews than they did in male offenders. Future revisions of the PCL-R will attempt to reduce these differences, although the fact that the items with DIF were not the same in each comparison group will make it difficult to develop a set of items that will show little or no DIF across a variety of settings. Meanwhile, the results of this study provide encouraging support for the scalar equivalence of PCL-R total scores in several different offender populations.
